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Abstract
Introduction
There is a lack of evidence on the adverse effects of air pollution on cognition for people with air
quality-related health conditions. We propose that educational attainment, as a proxy for cogni-
tion, may increase with improved air quality. This study will explore whether asthma and seasonal
allergic rhinitis, when exacerbated by acute exposure to air pollution, is associated with educational
attainment.
Objective
To describe the preparation of individual and household-level linked environmental and health data
for analysis within an anonymised safe haven. Also to introduce our statistical analysis plan for our
study: COgnition, Respiratory Tract illness and Effects of eXposure (CORTEX).
Methods
We imported daily air pollution and aeroallergen data, and individual level education data into
the SAIL databank, an anonymised safe haven for person-based records. We linked individual-level
education, socioeconomic and health data to air quality data for home and school locations, creating
tailored exposures for individuals across a city. We developed daily exposure data for all pupils in
repeated cross sectional exam cohorts (2009-2015).
Conclusion
We have used the SAIL databank, an innovative, data safe haven to create individual-level exposures
to air pollution and pollen for multiple daily home and school locations. The analysis platform will
allow us to evaluate retrospectively the impact of air quality on attainment for multiple cross-
sectional cohorts of pupils. Our methods will allow us to distinguish between the pollution impacts
on educational attainment for pupils with and without respiratory health conditions. The results
from this study will further our understanding of the effects of air quality and respiratory-related
health conditions on cognition.
Keywords
data linkage, cognition, asthma, seasonal allergic rhinitis, air pollution
Highlights
1. This city-wide study includes longitudinal routinely-recorded educational attainment data for
all pupils taking exams over seven years;
2. High spatial resolution air pollution data were linked within a privacy protected databank to
obtain individual exposure at multiple daily locations;
3. This study will use health data linked at the individual level to explore associations between
air pollution, related morbidity, and educational attainment.
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Introduction
Studies have investigated either the impact of air pollution
on respiratory health, or air pollution on cognition (1–3). To
our knowledge there are no existing studies investigating the
combined effects of air pollution and respiratory health condi-
tions on cognition. Health effects on cognitive behaviour can
develop over a lifetime, but educational attainment is one mea-
sure of cognition that may have long-lasting effects into higher
education choices and labour markets (4). More evidence is
needed to quantify the impact of pollution on educational at-
tainment for people from all backgrounds, particularly those
who are sensitive to poor air quality. Only a small proportion
of health is determined by genetic factors, with many health
issues determined by social and environmental factors (5). It
is particularly important that poor quality environments are
not a burden for those who are most deprived.
Bringing together detailed data on air quality, health sta-
tus and cognition for a large population is complex and to
date, studies have been unable to model the complex rela-
tionship conclusively. Information governance also restricts
the availability of appropriate data. This may be one reason
why the causal role of education on ill-health remains under-
appreciated. Studies often conflate education with socioeco-
nomic status (SES), or assume that education is only a proxy
measure for SES (6). Causality between educational attain-
ment and individual health has long been debated but there
has yet to be a systematic assessment of the education effect
on health across a full set of methodologically sophisticated
studies, with controls for wealth and other dimensions of so-
cioeconomic status (6). Using individual-level linked data we
aim to provide insights into these explanatory link(s), enabling
us to avoid overly reductionist approaches (7).
Air pollution in the UK is estimated to cost around £15 bil-
lion annually from human health effects alone (8). The main
air pollutants of concern for human health are Particulate Mat-
ter (PM), Ozone (O3) and Nitrogen dioxide (NO2) (9). Ex-
posure to air pollution, particularly PM, is thought to have
both acute and irreversible effects on childhood cognition, as
well as a damaging lifetime effect. There is a long-term risk
to children exposed to poor air quality (O3 and PM) during
crucial periods of brain development (10). In the shorter term,
cognitive ability is thought to be influenced in early childhood
by exposure to air pollutants including O3, PM, Nitrogen Ox-
ides (11). Cognition may also be affected at older ages due
to fine PM penetrating the lungs and inhibiting oxygen flow
into the bloodstream and to the brain (12). Using distance
from residence to road as a proxy for air pollution, increased
incidence risk of dementia was found for people living less
than 50 metres from a major traffic road HR=1.07 (95% CI
1.06–1.08) (13). A review concluded that even short-term ex-
posure to air pollution, namely fine particulate matter ≤ 2.5
µg (PM2.5) from traffic-related air pollution, may negatively
impact cognitive ability (12).
Studies evaluating the relationship between air pollution
and cognitive development are generally restricted to small
samples of children in tailored prospective cohorts for whom
there are detailed measures of cognition, for example the Mc-
Carthy Scale of Children’s Abilities, for children aged 2-8 years
old (14). Detailed cognitive test results for 210 children were
analysed with Nitrogen Dioxide (NO2) exposure using land
use regression models (15). This study finding suggest that
traffic-related air pollution (NO2), whose levels vary greatly
over short distances, may have an adverse effect on neurode-
velopment (15). Recent studies conducted with participating
pupils attending schools in Barcelona found that exposure to
traffic-related air pollution (NO2 and PM2.5 and ultrafine par-
ticles (10-700nm)) may have potentially harmful effects on
cognitive development causing inattention, forgetfulness, dis-
organization, and careless errors (16–18). These skills are es-
sential for learning and exam performance. Studies in Israel
using educational attainment to measure cognitive develop-
ment found high levels of fine particulate matter pollution were
negatively associated with exam results (19,20).
Existing literature on air quality-related diseases and edu-
cational attainment identifies associations between asthma or
asthma symptoms and lower educational attainment (20,21),
though the strongest association was with parental education
(21). Another study showed there was no significant effect of
asthma on educational attainment (22). However, these stud-
ies did not use air quality when examining the cause of asthma
exacerbations. The role of environmental triggers for asthma
has not yet been adequately explored in terms of potential im-
pact on educational attainment. There are numerous complex
interactions between outdoor pollutants, pollen aeroallergens
and genetic susceptibility to asthma. There is increasing ev-
idence of an interaction between air pollution and pollen. In
particular, O3 may enhance the allergenicity of pollen and im-
pact cognitive development (23,24). Both air pollutants and
pollen can cause exacerbations in asthma and there is growing
evidence to show that air pollutants may increase the acute
effects of allergens on health outcomes, as well as on cognition
(25–27).
The rationale for our present study was to address the evi-
dence gap on the environmental drivers in relation to cognition
by combining datasets on air pollution, pollen, asthma, sea-
sonal allergic rhinitis (SAR), and educational attainment. The
small sample sizes in previous studies prompted us to design
a city-wide study to include a larger number of children. Our
study: COgnition, Respiratory Tract illness and Effects of eX-
posure (CORTEX) aims to explore the impact of air quality
on educational attainment, while considering air quality related
morbidity. This paper reports our data preparation methods
according to the RECORD statement (28). It also describes
our statistical analysis plan to evaluate the impact of air qual-
ity on educational attainment data for pupils aged 15-16 years
old.
Methods
We designed a study with a large number of children with
a wide variety of pollution exposures by using routinely col-
lected educational attainment data as a proxy for cognition.
We modelled pollution estimates for each home and school
and obtained individual-level education data. Here we describe
briefly our data linkage process, each source dataset, and the
preparation of the dataset for analysis.
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CORTEX is a repeated cross-sectional retrospective data
linkage study with three principal research questions:
1. Is exam performance, negatively associated with asthma
or SAR status?;
2. Is exam performance, negatively associated with pollu-
tion levels averaged at the school and home location
over the term prior to the examination? And, if so;
3. Is the association explained by markers of respiratory
health, including doctor-diagnosed respiratory illness
(asthma)?;
Setting
Cardiff is the largest city in Wales, United Kingdom, with a
population of more than 346,000 people (29). Within the city,
air pollution levels and ill health vary spatially and temporally.
Area-based health inequalities for Cardiff are growing, with life
expectancy for men in the most deprived areas estimated to
be 10 years shorter than for those in the most aﬄuent ar-
eas (30). Inequalities in environmental exposure contribute
to these differences from an early age (31,32). Exposure to
four pollutants will be included in the analysis and exposure to
pollen will be included as a confounder. The setting of Cardiff
provides a sufficiently large population to investigate the natu-
ral experiment of exposure to air pollution for sub-populations
of pupils with and without asthma and SAR.
Data Linkage
We used the Secure Anonymised Information Linkage (SAIL)
databank, an anonymised safe haven, to create consistent data
linkages for an individual among their environment, health and
educational outcomes (Figure 1). Individuals within the SAIL
databank have previously been successfully matched to the
demographic data (> 99.9%) (33,34).
The SAIL platform was designed to overcome data sharing
issues and facilitate the evaluation of individual and household-
level interventions and natural experiments to support public
health decision-making (35). A globally unique anonymisa-
tion process within this database allows retrospective linkage
among education, health outcomes and environmental expo-
sures (36,37). The SAIL databank includes a number of core
datasets where historical repeated measures of health and ed-
ucation data are routinely collected and available. The cat-
alogue of core datasets includes: an anonymised but consis-
tently linkable population register; mortality, inpatient, outpa-
tient, and emergency department data across Wales; primary
care data for 75% of GP practices in Wales; and educational
attainment data for all schools in Wales.
Data in the SAIL databank are anonymised using a ‘split-
file’ process. For this project the address identifiers were sep-
arated from the air pollution modelled estimates (Figure 1).
The address component was sent to our trusted third party
(TTP), to be anonymised and encrypted. Our TTP assigned
a Residential Anonymous Linking Field (RALF) to each point
location that referred to a place of residence or school location.
A similar process operates for person-level data, with our TTP
assigning an Anonymous Linking Field (ALF) to each individ-
ual record in the education dataset, replacing the unique pupil
identifier with an ALF. Our detailed anonymisation methodol-
ogy is reported elsewhere (38,39).
The Welsh Demographic Service dataset (WDS) contains
historic addresses. We used residential and school level link-
ages, to take advantage of the high spatial resolution air pollu-
tion data. This meant that we were able to allocate accurate
exposures to individuals. We linked daily air pollution esti-
mates to the home address where the pupil was registered on
the 1st of June in their exam year.
Data Sources
Three data sources were already available in the SAIL data-
bank, and two additional datasets were obtained for this study
(Table 1). We discuss the data linkage results of the air quality
datasets in the results section.
General practice (WLGP)
The Welsh Longitudinal General Practice (WLGP) dataset
contains individual-level health data including Read codes for
all diagnoses, symptoms and treatments recorded for each per-
son. A Read code is a coded thesaurus of clinical terms.
Read codes have been used in the NHS since 1985 and pro-
vide a standardised vocabulary for clinicians to record patient
results across primary and secondary care (40). Researchers
extracted data to define individuals ever diagnosed with, or
treated within the last year for, asthma or SAR (Appendix A).
These data were available within the SAIL databank for the
majority of practices in Cardiff (about 80% at the time of writ-
ing). The definition of who is considered an asthma patient
varies greatly in the literature (41). These definitions are cur-
rently being refined to define patients in general practice with
active asthma and SAR (42).
Welsh Demographic Service dataset (WDS)
The WDS is a population register that includes home addresses
provided by patients attending primary care, a service that is
free at the point of care in the UK. This dataset also allows
researchers working in the SAIL databank to distinguish when
an individual moves home. This is particularly important for
exposure studies.
Education
Education data are held in the National Pupil Dataset (NPD)
for Wales, which the Welsh Government provided to SAIL.
This dataset contains exam scores and other education data
relevant for each pupil in an anonymised format. Exam scores
for the General Certificate of Secondary Education (GCSE)
were used by the Welsh government to calculate a continuous
measure of attainment as a proxy for cognition. Pupils are
examined for their GCSE at 15 to 16 years old in their final
year of mandatory schooling. Exam dates between 2009 and
2015 in the period 8th May to 29th June. The dataset included
a number of school-level variables used to control for school
characteristics.
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Figure 1: Data linkage schematic illustrating the split file anonymisation process of the environmental exposures dataset, and the
datasets linked and joined during CORTEX
Air pollution
Air pollutants PM2.5 and PM10, NO2 and Ozone (O3), were
estimated for all home and school locations in Cardiff from
2006 to 2015 using the high-resolution Atmospheric Disper-
sion Modelling System (ADMS-Urban model) (43,44).
ADMS-Urban is a Gaussian-type plume model that simu-
lates the dispersion of emissions from an urban area for each
hour of the day. The main industrial and road traffic air pol-
lution sources are modelled explicitly. This means that they
are modelled to a very high spatial resolution along the road
network or at the industrial site. The dispersion of pollutants
in urban areas is also accounted for. Other smaller sources,
including domestic and commercial emissions, are represented
on a 1km grid, whilst pollutants transported into the urban
area is treated as a spatially uniform but hourly varying back-
ground trend. Where concentration gradients are lowest, the
spatial resolution is a minimum of 50 x 50 metres; close to
main roads the resolution can be as high as a few metres.
Air pollution for all Cardiff locations were calculated. Only
after the data were anonymised by our TTP and combined
with the health and education data, could homes be selected
for the relevant anonymised pupil cohort. Therefore, 157,361
school and home locations across Cardiff were anonymised and
unique household level linkage fields were assigned to each lo-
cation. Pollution estimates at the household and school lo-
cations were combined to create individual-level air pollution
exposure, and subsequently joined to their health data.
Hourly air pollution data were summarised into daily time
periods to enable extraction of school pollution estimates (9am
- 3pm) and home pollution estimates (5pm – 9am) per pol-
lution types PM2.5 and PM10, NO2 and Ozone (O3) and day
of year. We also included a 3-5pm period for home or school
in sensitivity analyses to assess the effect of this “uncertain
location” period when pupils may have been at after school
clubs. These were combined into tailored pollution exposures
for each pupil.
Pollen (aeroallergen)
Data were obtained from the European Allergy Network (2006-
2010) and from the UK Met Office (2011-2015). The decade
(2006-2015) time series of daily pollen data were not spatially
resolved for Cardiff; i.e. the pollen values did not vary by lo-
cation. Data were summarised into annual total measures for
several exam-related time periods.
The results of combining the two environmental datasets
with the core SAIL datasets are discussed below.
Data Preparation
We joined linked datasets to individual-level health data within
SAIL, and operationalised variables in preparation for analysis.
We removed individuals who did not live at a Cardiff address
on the census date or who moved between 1st April and their
last exam.
Quantitative Variables
The educational outcome, environmental exposures and con-
founders are defined in Table 2. Educational attainment was
assessed using the Capped Points Plus score (CPS). This is a
4
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Table 1: Provincial data available for each indicator
Dataset name Data Source Derived Variables Coverage
Welsh Longitudinal General
Practice (WLGP) dataset*
Primary care records recorded
by GP
Asthma and SAR treatments ∼75% of practices in Wales
provide data to SAIL
Welsh Demographic Service
(WDS) dataset*
NHS Wales Informatics Ser-
vice
Age, gender, week of birth,
multiple move in and out of
home dates
Total population of Wales
who are registered with a
General Practitioner, free at
the point of service in the UK.
National Pupil Dataset* Welsh Government Capped points plus score,
Gender, Free School Meal El-
igibility, Special Educational
Needs, Attendance, Percent-
age of Free School Meal Up-
take, Number of Job Vacan-
cies
All KS4 pupils in Wales be-
tween 2009-2015
ADMS-Urban** Cambridge Environmen-
tal Research Consultants
(CERC)
Nitrogen Dioxide (NO2),
Ozone (O3), Particulate
Matter (PM2.5,PM10),
Nitrogen Oxides (NOx)
Modelled pollution measure-
ments for each pollutant, for
four time periods per day.
Mean, max and average val-
ues for 157,000 home and
school locations in Cardiff
Pollen** European Allergy Network
(2006-2010) /
Monthly total pollen count
for tree pollen, grass and
weed pollen
Daily pollen measurement for
Cardiff between 2006-2015
Met Office (2011-2015)
*core SAIL dataset
** new dataset imported in to SAIL
continuous measure of attainment, calculated from grades for
a pupil’s best eight subjects which must include Mathematics
and either English Language or Welsh as a first language. We
standardised the CPS using z-scores.
Education is often used as a proxy for socio-economic sta-
tus (SES) but education needs to be considered separately
to understand its unique effects. Therefore, neighbourhood,
school and household measures of SES will be included as con-
founders. Free School Meal Eligibility is a deprivation metric
that we will use as a proxy for SES at both the household level
(as a binary variable) and school level (as a percentage of stu-
dents). The exposure variables were calculated as a weighted
average for the pre and during exam periods.
For air pollution and pollen, we extracted total levels each
year to correspond with the education data for two different
time periods: i) Pre-examination period from the start of the
summer teaching term (average start date 1st April) to the
start of the exam period, and ii) during the exam period. It
was anticipated that including the exam period would capture
short-term exposure to pollen. The pre-examination period
was selected so that it coincided with the start of the UK
pollen season in late March. The examination period was de-
fined using the Welsh Joint Education Committee (WJEC)
examination timetable for the GCSE June series.
Results
Data linkage
A trained researcher had full access to the air pollution, pollen,
WLGP and education datasets that were anonymised and im-
ported into SAIL. Researchers were given restricted access to
the demographic data, WDS, based on project geographic and
temporal criteria.
Once in the SAIL databank, outdoor air pollution esti-
mates were extracted at both the home and school location
for each pupil. The pollution dataset contained 369 columns,
472,083 rows per year with one column per location, pollu-
tant type, pollutant measurement, daily time-period, and day
of year. The dataset was transformed to create a single date
column to produce a five-column, 3,446,205,900-row matrix
per year dataset. Pollution exposures were calculated for the
revision and examination period per pupil, adjusting for week-
ends, school and bank holidays. We allowed the location to
vary between 3pm-5pm on school days when pupil location was
uncertain such as when traveling between school and home or
engaged in after school activities.
We cleaned the dataset to remove poor quality linkages
between the education dataset and the WDS (n=23). We
defined poor quality matches as individuals who had fuzzy
matching probability less than 0.9, or with no matching to
WDS. The final study population only included pupils with
high quality matches of demographic data to the WDS. We
identified high quality matches as: matching surname, first
5
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Table 2: Provincial data available for each indicator
Variable Definition
Outcome
Capped Point Score A score calculated from the best eight GCSEs or equivalent, must include En-
glish or Welsh first language and Mathematics. Standardised using z-scores.
Exposures
PM2.5 Weighted average for the exposure periods (pre-exam and exam)
PM10 Weighted average for the exposure periods (pre-exam and exam)
Ozone (O3) Weighted average for the exposure periods (pre-exam and exam)
Treated for asthma or not Children treated for asthma identified from Read codes in GP records (Supple-
mentary Appendix A details read codes used)
Treated for SAR or not Children treated for SAR identified from Read codes in GP records (Supple-
mentary Appendix A details read codes used)
Confounders
Pollen The average pollen count for the two exposure periods (pre-exam and exam)
were calculated as the average maximum daily pollen value
Sex Sex of pupil (Male/Female)
Free School Meal Eligibility Pupil eligibility for a free school meal on the day of the Pupil Level Annual
School Census (PLASC). This is a household indicator of socio-economic sta-
tus
Special Educational Needs Any special educational needs of a pupil on the day of the Pupil Level Annual
School Census
Attendance Number of half days that a pupil attended school for the academic year
Percentage of Free School Meal Uptake The number of pupils taking a free school meal on the day of PLASC. This is
a school level indicator of socio-economic status.
Number of Job Vacancies Number of teaching vacancies in the school during the academic year
Welsh Index of Multiple Deprivation (WIMD) Official measure of relative deprivation for small areas in Wales. This is a
neighbourhood indicator of deprivation that is included in the WDS.
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name, postcode, date of birth and gender; or fuzzy matching
probability greater than or equal to 0.9. The matching process
is documented in detail elsewhere (34).
Educational and health outcomes in the final cohort
were representative of the target population (GCSE pupils in
Cardiff). The cohort with air pollution exposures were suc-
cessfully linked to their corresponding health and education
data for 95% of pupils.
Participants
Eligible participants sat their GCSE Maths and English exam-
inations between 2009 and 2015 in Cardiff. We created the
study population based on agreed eligibility criteria (Figure 2).
Statistical Analysis Plan
Multilevel linear regression will be used to account for indi-
viduals who are nested within an exam year group, nested
within schools. This will cluster pupils within a yearly cohort,
from 2009-2015. Cohort and individual-level confounders will
be controlled for. The model will therefore take into account
differences between exam standards year-to-year for pupils in
different exam cohorts. We will also complete an additional
sensitivity analysis of the models by changing the after school
hours “uncertain location” pollutants from school to home ex-
posure locations.
Using the spatially resolved air pollution data, we will inves-
tigate whether different levels of outdoor air pollution are as-
sociated with differences in CPS. We will also explore whether
levels of outdoor air pollution at school explain the variation in
mean CPS between schools. Using the time series of spatially
unresolved pollen data we will investigate whether different
levels of pollen between cohorts explain the variation in mean
CPS between cohorts taking exams in different years.
Clustering within household will be taken into account at
the cohort level because siblings will appear in different co-
horts. Twins will cluster within a household, however the
number of twins within each cohort was so small that we de-
cided that it was not necessary to account for clustering within
households.
It is possible that taking over-the-counter antihistamines
could influence examination outcomes, however it is not possi-
ble to account for in the study. Furthermore, dust mites are a
common trigger of year-round allergies and asthma. However,
data were not available to include this as a confounder.
Discussion
This paper has demonstrated that it is possible to link high
spatial resolution data for individuals to fill the important evi-
dence gap. Analysis of this linked dataset will allow researchers
to explore the role of environmental triggers for pupils with and
without asthma in terms of potential impact on educational
attainment as a proxy for cognition. The SAIL databank was
an appropriate secure data linkage platform for both health
and non-health datasets and is world leading in its capabilities
for household level data linkage (33). Multiple yearly cohorts
for the pupil population of a city with health and education
data were linked to high spatial and temporal resolution air
pollution data allowing novel dual home and school exposures
to be allocated retrospectively.
We have created multiple cross sectional cohorts in this
initial study; requiring the availability of educational qualifica-
tions in previous years to create a longitudinal dataset would
have reduced the number of pupils in each exam cohort re-
sulting in underpowered analyses. Modelled pollution data are
not available routinely for all urban areas, however, we antic-
ipate that future CORTEX study results will prove these to
be valuable, encouraging additional urban area modelling and
increasing the initial sample size to make a viable longitudi-
nal study. This expansion may also allow us to include data
on emergency hospital admissions for respiratory conditions,
which occur too infrequently in the current single city study
sample.
Exploring the interaction of air pollution with pollen is
novel and we anticipate the investigation of interactions be-
tween these different aspects of air quality with attainment for
pupils with and without GP diagnosed asthma and/or SAR will
be particularly informative. The results generated by CORTEX
will demonstrate the feasibility and need to model air pollution
at a high spatial resolution on a national scale.
A limitation of the routinely collected clinical data is that
only those with a GP diagnosis or prescription will be captured.
Allergic rhinitis may be self-diagnosed in up to 50% of the pop-
ulation, and over-the-counter medications are commonly used,
although this is mitigated by the availability of free prescrip-
tions in Wales since the 1st April 2007. However, those with
more severe disease, and higher susceptibility to pollen and
pollution, are more likely to be identified. Additionally, poten-
tially confounding factors such as parental education may not
be available routinely.
We have not thoroughly investigated the matching quality
of our linkage method, like Harron and colleagues have (45),
as this validation work is still to be undertaken. However,
work undertaken by the Office for National Statistics (ONS)
suggests that a large proportion of the population are likely to
be correctly matched (46). Furthermore, children are likely to
be registered to the correct GP as they have to have vacci-
nations, health checks and are usually taken to seek medical
help when they are ill.
This study design shares some similarities to a recent Nor-
wegian study that used routine education data linked to envi-
ronmental data, however, they used pollen only (4). Our study
has several new advances: we included health data to explore
the direct and indirect effects of air quality related morbidity
on attainment; we have used high spatial resolution data to
enable us to separate the effects of home and school air pol-
lution. In addition, our use of routine educational data means
that it will not be necessary to ask pupils to complete tests,
thus, our study is not limited to an actively participating small
sample. We have used assessments of educational attainment
retrospectively and on a city-wide scale, allocating daily expo-
sures combined from both home and school locations.
Conclusion
We know little about the large-scale impact of air quality on
cognition, particularly the interactive effects of air pollution
and pollen, because studies have generally used small samples.
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Figure 2: Eligibility criteria used to extract study population from raw linked dataset
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Furthermore, the short-term effects of pollution on cognition
are not well documented. Data linkage systems using rou-
tinely collected administrative data have opened up novel op-
portunities to analyse all pupils sitting exams in multiple years
across an entire city. We hope that using individual-level multi-
location daily exposure assessment will help to clarify the role
of traffic and prevent potential community-level confounding
(12).
Knowledge of associations between air pollution and
aeroallergens on cognition could contribute to evidence-based
policy-making. This feasibility study will demonstrate whether
larger scale studies are possible, the results of which could
have far-reaching policy implications. This may include rais-
ing awareness of the impact of pollution on cognition to a
sufficient level to provide the impetus needed for government
to further regulate air quality to benefit the UK population.
We anticipate that this feasibility study will contribute to the
evidence base which can inform policies that encourage stricter
regulation on traffic flow near schools and locating new school
sites in areas of less congestion and a better air quality could
be considered. It is important to consider that lower educa-
tional attainment may lead to lower health literacy, which is
associated with poorer adherence with asthma medication and
thus poorer outcomes (18). The greatest benefit is likely for
those vulnerable to air pollution and aeroallergens, including
school children sitting their final examinations.
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